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Abstract—Climate change is currently occurring, with
significant impacts on various aspects of human life. To
understand and predict the phenomena, the use of statistical
model is essential to describe the relationships between various
climate variables. A commonly used model is the Vector
Autoregressive (VAR) which enables the simultaneous analysis
of the dependence and interaction between several climate
variables. It is considered a combination of autoregressive (AR)
model of the same order. Therefore, this research aimed to
forecast climate phenomena in West Java, focusing on the
rainfall variable using the VAR model. Rainfall data was
obtained from NASA POWER, representing a large dataset
categorized as big data. Data Analytics Lifecycle method was
used to address the challenges associated with big data.
Ordinary Least Squares (OLS) were used as the parameter
estimation method within the VAR model. The results obtained
using R software showed that the rainfall data had a non-
stationary pattern, requiring a differencing process such as
VARI model. The Mean Absolute Percentage Error (MAPE)
value was less than 20%, showing that forecasting climate
phenomena using VARI model was within the accurate
category.

Index Terms—vector autoregressive integrated (VARI),
climate, big data, data analytics lifecycle.

I. INTRODUCTION

CLIMATE 1s the long-term patterns of temperature,
precipitation, humidity, wind, and other atmospheric
conditions in a specific region or across the planet [1]. It
plays a critical role in determining the natural environment
and human societies. Moreover, climate changes can
significantly impact ecosystems, including variations in
species distribution, disruptions to food webs, and extreme
weather events such as droughts, floods, and hurricanes [2],
affecting corporate bonds [3]. Climate change caused by
human activities such as burning fossil fuels and
deforestation, is a significant global challenge affecting

Manuseript received July 5, 2023; revised September 17, 2024.

This work was supported in part by the Rector and the Directorate of
Research and Community Service (DRPM) Universitas Padjadjaran.

Ajeng Berliana Salsabila is a postgraduate student in the Mathematics
Doctoral Program, Faculty of Mathematics and Natural Sciences,
Universitas ~ Padjadjaran, Sumedang 45363, Indonesia (e-mail:
ajengl 8004@mail.unpad.ac.id).

Sarah Sutisna is a graduate of Magister of Mathematics, Faculty of
Mathematics and Natural Sciences, Universitas Padjadjaran, Sumedang
45363, Indonesia (e-mail: sarah1 9005 @mail.unpad.ac.id).

Sri Purwani is a lecturer in the Mathematics Department, Faculty of
Mathematics and Natural Sciences, Universitas Padjadjaran, Sumedang
45363, Indonesia (corresponding author; e-mail: sri.purwani@unpad.ac.id).

economies, human health, and the planet [4]. Meteorology,
Climatology, and Geophysical Agency (BMKG) [5] stated
that 2016 was the hottest year for Indonesia, with an
anomaly value of 0.8°C throughout the observation period
from 1981 to 2020. Meanwhile, 2020 was the second hottest
year with an anomaly value of 0.7°C, and 2019 ranked third
at 0.6°C. The World Meteorological Organization (WMO)
[6] has also released global average temperature information
for comparison. The latest WMO report on climate published
in early 2023 stated that 2022 was ranked 6t/ hottest year in
the world, while 2015-2022 was 8.

Climate data can be represented as a time series, a
sequence of data points recorded at regular intervals over
time. Variables such as temperature, ranfall, and
atmospheric pressure can be measured regularly and
analyzed as time series data to identify trends and patterns
over time. Time series data can also be used to develop
model, which simulates the Harth's clmate system and
forecast conditions based on different scenarios of
greenhouse gas emissions and other factors. As a time series,
these data are essential for understanding past chmate
conditions, monitoring current situations, and predicting
future change mmpacts on the environment and human
societies. When climate data is continuously sorted
occasionally, it becomes big data which are vast and complex
datasets. These data are beyond the ability of traditional
processing and analysis tools to manage and analyze
effectively. The term "big" is relative and can vary dependmng
on the context [7]. Generally, big data refers to datasets that
are extremely large, dwerse, and rapidly changing to be
managed and analyzed using traditional methods. Big data
can come from various sources, such as social media,
scientific research, financial transactions, and weblogs. It is
typically characterized by volume, velocity, and variety,
known as the three Vs [8]. The analysis often requires
specialized tools and methods, such as distnbuted
computing, machine learning, and natural language
processing to extract insights and value from data [9].

Time series 15 a sequence of data points recorded at
regular intervals to identify patterns, trends, and relationships
between different variables. Based on stationarity, data is
divided into stationary and non-stationary time series [10].
According to the number of variables, it is categorized into
univariate and multivariate time series as observations
collected at equally spaced mtervals of time with only a
single variable. One example of stationary umvariate time
series model 18 Autoregressive (AR). Meanwhile, non-
stationary is Autoregressive Integrated (ARI), which refers
to a set of observations collected over time with two or more
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miewelted variables. In dataset, vanables are consdered o
be deperdert or mpdependert. An exanmple of stabonary
nulbvanate tume senes model 13 Vector Autoresmmssive
(VAR while Vector Autoresressive Integrated [(VAERT) 15
ror-stationary.

Accordmg to Wei [10], each varable in VAR model is a
finction of the past vahes and the other varables' past
valhies, Model wsumes that each vamable i the swtem
affects ore arother without cansal wlatomslup, Ths shoars
that model allvars for the possibihty of feedbaclk loops and
mierachons betereen vanables. One of the alvartages of
VAR model 5 the @ity to caphie the dymanm
wlatomhps bebarean vamables. This can be usefd] for
fowcashne fibare vabhes of the systerm and u.tﬂet*sta.tﬂmg
wdedyms duvers. It can also be estonated nsmz masanm
possibibty estivabon or Bavesian methods. Ankamah o al
[11] used VAR model to deternime the mpact of cumnatic
vatiahles on malana. The amalysis was corducted usme
monthly climate and malaria data fiom 2010 t0 2015 n
Thara with the Grnser causabty test to exanue the
wlatorshp bebareen the taro vanables, WAR model was used
with data nirmg method to extract kmoerled ze, fom Jamay
2010 to Decenber 18, The vard ks obtaired wer tation
fee, inflation rate, muber of emolled students, and regiomnal
nmomm waze [1JF]. Washmgton o al. [13] forecast the
nwsmg chimate data usmz VAR mode]l and the Eoot Mean
Square Enor (EMSE) for evahation Shane et al. [14] abo
forwcast the best cil production based on a rulbvariate tome
sepes [MTE] amd VAR maclme kamme model for
waterfloodme . Ths method pobally used MTS anabsis o
ophnmee nyection amd produchon data based cnowell pattern
arabsis. Subsequently, VAR model was established to nore
the hrear relatiomslip froom MTS data amd forecast the ol
well production by model fithing . Filviani et al [15] anabmed
the develbpment of COWVID-19 cases and huilt VART model
ra1es in Indoresia ard Singapore. Data used were fiom daiy
COVID-19 confirmred cases betareen March 16th and Apml
19th, 2020, Dyara et al [168] anabymed WART model on data
of Irdoresias exports and mports fiom Jammary 2015 1o
March 2021, using Grnser cansahty test to determmne the
wlatorshp betwreen vanables. Sumertajava et al [17] ako
wed mossing data, wlich was apphed to VAE model
cottbired with Inmpataton Method (VAR-IM).

Based on previous mvesbzabcoss, this mseawh anmed to
VART model for applration m climate data, specificalbr case
big data. VAR model was used to forecast chimate in West
Java Province wath OLS & a parameter estrmabon tool
Clonate paramreter was ranfall and biz data were obtained
from MAS & POWEE., Subsequently, processing was carned
it wsing the amalyties Lhftcwek ntended for biz data
rrobkent and science projects.

IT M ATFRIAIS AMD W ETHODS

A Thta Analwics Lifegyele

Biz data reférs to extensiee and conmplex datasets that am
bevond the abiity of tradihonal processmz and analysis tools
to mamaze and analyee effectrely. Gererally, data amabsrs

Efecwrle 5 expliotly desizred for biz data problems. It
compnses dbcovery, data preparstion, model plaeone,
model buldme, conn e ating wmls, and
operabonalization. Data Arabdrs Lifsowle pehides the
woonmended procedures for effectvwely marasme the
analbybes process fom mbal expbration to progct
finabh=stion This Iifecyele moorpotates proven methods fiom
the fields of data analytics ard decision sclence [5].
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Comeltion analysk 5 a stabstical method used to derbfi
a signfficant wsoclation betwreen variables [18]. Pearson
corelation 15 ome of the tests used to deternmre the chse
wlatorwship betwreen taro vanid ks that hawe npdervals or
ratios, are rormally dstduated, and retun the vahe of the
correlation coefficient with a rance of vabes betareen [ and
1 19]. The comelation vale can be calmlted using the
folloarimg equation:

1
n 2=l

)

(X -F(5T)

¥ =

1 (1)

where

X, the valie of ¥ variable in time-t.
¥ rthe vahe of ' vanable in time-t.
X average of X varidblke
V:average of I varable

The Pearson comelation satisfies the follvarmz enterion that
% shoanin Table L
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TABLEI
PEARSON CORRFLATION VALUE CRITERIA
Classification

¥ value
0.00-0.19 Very low
0.20-0.39 Low
0.40-0.59 Currently
0.60-0.79 Strong

C. Stationarities

The initial step in model identification in the analysis of
time series data 1s testing the stationarity of data. The
statistical test that determines objectively whether differences
are necessary for stationarities of a time series is called the
unit root test. When there is no signmficant change, data is
considered to be stationary. Moreover, there are several
kinds of umit root tests, among which the Augmented
Dickey-Fuller (ADF) test is used as expressed below [10].

Z{t)=pZ(t-1)+U (1)
The steps used in the ADF test are as follows [20]:

1. Determine the statistical hypothesis test:
Hy ¢ =0, data is not stationary in the mean (there is a
unit root)
H, :¢ <0, data is stationary in the mean (no unit root)

2. Determine the error value ().

3. Calculate the value of the test statistic using the OLS
method:

rdn,
¢
4. Define test criteria:

In the specified a there is a value T > 7, ., , then reject

n—p—l)

H,, which means data is stationary or does not contain a
unit reot.

D. Differencing Process

According to previous research [10], the differencing
process 1s a method of overcoming modeling on data that is
not stationary concerning the average by differentiating or
reducing the Z, observation value with the value Z, ;. For
non-stationary time series data, the first-order differentiation
process can be carried out using the following equation:

Az, =2,-2,,=(1-B)Z,

where:

A the first-order differentiation operator.
Z, : observed value at time .

Z,_, :observed value at time -1

B : Backward-Shift operator (Backshift)
When data is not stationary after applying order
differentiation process, the next-order differentiation is

carried out. Generally, the differencng process of
consecutive order is carried out to obtain stationary data as
follows:

Az, =(1-BY z,

E. Autocorrelation Function (ACF) and Partial
Autocorrelation Function (PACF)

In the time series analysis method, the primary tool for
identifying temporary model from data to be forecast is the
Autocorrelation Function (ACF) and Partial Autocorrelation
Function (PACF) through their correlograms. ACF shows
the magmtude of the correlation or linear relationship

between observations at the-¢ time (Z, } and previous times

(Zi—1>Zi—2= Ly ) -
value is expressed below [21]:

D N G R

Ve =Pr=—=7=

Ve Z;(zf_k _2)2

PACEF i1s the partial correlation between observations at the-t
time (Z, ) and previous time {2, .2, ,.....Z_, ). It can be

The equation for calculating ACF

calculated recursively using the following equation [21]:

Cov [(Zr - Z): (ZHk - Z’\Hk )}

B, = . A
\/Vm(zr —Zr)\/Var(ZHk - ZM)

F. VARD

VAR model is a multivariate time series model that can be
used to examine objects with two or more variables
influencing each other. It combines several AR model of the
same order, forming a vector between VARIables that affect
each other with strong correlation VAR model was
developed by Christopher A. Sims in 1980, with the general
form of the order p of VAR(p) model stated as follows [21]:

p
Z, = Zq)kzr—k +e

k=1

For VAR(p) which is not stationary, the differencing
process 1s carried out k times until data 1s stationary. In this
case, VAR(p) becomes VARI(p.k) which is expressed in the
equation as follows [21]:

P
Y, = Z(I)k Vo te
P
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Fig. 2. Flow of VARI Model.

where ¥, =2, -2, ,....Y, . =Z, ;- Z, .
VARI (1,1) model for N location is expressed in the
following equation:

Yyimxt) = Coaar) Yer(mixt) T 8 avs) -
In matrix form, it is stated as follows:

) @, @, @, ¥y €i1t)
Y(z,r) _ D, D@y - Dy Y(z,:—l) 4 e(z,:)
Yoy w1 Paz Do Yoy | | €

Forecast process using VARI(1,1) model is shown in
Figure 2.

G.  Diagnostic Checking

Diagnostic checking is used to verify the assumptions that
model must complete. These assumptions emphasize that
there is no autocorrelation in the normally distributed
residual model [10]. Model diagnostic tests can be performed
using the Portmanteau and Jarque-Bera tests.

a. Portmanteau Test
The Portmanteau test is used to determine the
autocorrelation of the residual model, as expressed in the

equation below. The time series analysis assumes that the
residuals must be independent (not correlated). When these
assumptions are met, model is suitable for forecasting [10]:

k

2

Q=”§ Y
i=1

The @ statistic follows the Chi-Square distribution with n’%
degrees of freedom. Therefore, the decision-making criteria
are made by comparing the @ wvalue with the Chi-Square
value. When the value of @ > Chi-Square or p-value <,
there is an autocorrelation in error.

b. Jarque-Bera Test

The Jarque-Bera test is used to determine the normality of
the residuals, as expressed in the formula. When the residual
normality assumption is met, model is suitable for forecasting
[10]:

2
k-3
JB=2|s] LE3)
6 4
The Jarque-Bera statistic follows the Chi-Square

distribution with 2 degrees of freedom. Therefore, the
decision criterion is made by comparing the Jarque-Bera
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value with the Chi-Square value. When the value /B > Chi-
Square or p-value < o, the residuals are not normally
distributed.

H  Mean Absolute Percentage Error (MAPE)

MAPE is an evaluation tool of forecasting methods
considering actual values' effect. As shown in Table II, a
lower MAPE wvalue correlates with higher accuracy of the
method [22]:

Z: _Z‘
A

t
MAPE = x100%

where
Z, : actual value

Z, : forecast value
x : lots of observations

TABLEIL
MMAPE VALUE CRITERIA
IMAPE Accuracy
MAFPE =10% Very Accurate
10% < MAPE = 2004 Accurate
20% < MAFPE =50% Eeasonable
MAPE = 50%; Mot Accurate
III. RESULT AND DISCUSRION

Data analytics lifecycle method is applied to VAR model
to forecast climate phenomena in West Java Province. The

results obtained were as follows:

1. Discovery

Climate has an important role, as a significant change can
affect human life. Therefore, climate phenomena are often
investigated to provide an overview of climatic conditions. In
this research, the phenomena explored were referred to as a
time series, which allowed the use of VAR for prediction.
Data analyzed were rainfall variables obtained from West
Java Province. Based on classification, data were sourced
from NASA POWER and included in big data with a
distribution volume of 512,101.087 TB. Moreover, it was
hypothesized that VARI model would provide an accurate
forecast of climate phenomena based on the criteria for
MAPE value of at least < 20%.

2. Data Preparation

Climate data collected from NASA POWER database
were selected based on the observation location by inputting
the latitude and longitude coordinates. Specifically, data used
for analysis started from December 1989 until December
2022. The daily climate observations with the rainfall
parameter was significantly large, resulting from 11,943 data
for each location in 27 districts/cities. Furthermore, data
uniformity and cleaning were carried out to handle missing
values by removing noisy data containing errors such as NA
values or non-numeric form data. After cleaning,
transformation was performed by grouping based on
aggregation. The daily data included in cleaning stage were
aggregated into monthly to obtain 391 data for each location.
This research collected data for December, January, and
February (DJF), with 99 data for each location.

18 { —— Bandung
Mean A
28 Bandung A A I.",\I i A
. Ve AN AL
o \VATN A / A -/lll | r' J‘\_,-\\ INL AN \ /\ | [ 4 \
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Subsequently, the selection of 3 locations representing the
same observational values was carried out, namely the cities
of Bandung, Sukabumi, and Purwakarta.

3. Model Planning

The results of data preparation are divided into in-sample
and out-sample, comprising (89) 90% and (10) 10%,
respectively. In-sample data were used to obtain VARI(1,1)
model ag shown in Figure 3, and out-sample was applied to
forecast accuracy using MAPE value criteria.

In-sample data were input to determine the patterns on
data plots. Based on observations, the red plot was
Sukabumi data, the blue represented Bandung, and the green
denoted Purwakarta, showmg that data did not form a
stationary pattern. This was followed by the calculation of

TABLE V
PARAMETER ESTIMATION
Location Parameter Estimator
@ -0.0140
Bandung B -0.0238
@ 0.0631
o -0.0586
Sukabumi @on -0.0075
Pz -0.0064
o -0.1037
Purwakarta [ 0.4952
b3 -0.0026

Pearson correlation value to determine the relationship

between locations, with the results presented in Table III.
Based on Table III, the correlation between locations was

mcluded in the very strong category. Furthermore, the

o
5

ACF
06
|-

08

ACF
04

'
I —
¥
——
'
I —
\
1
f—t—
I
1
I
r
I
—_
v
'
—
I
-
i
=
I
1
I
'
'
'
'
'
L
i
i
F o
P
|
'
I
'
L.y
'
I

08

ACF
04
!

00

TABLEIIT
PEARSON CORRELATION
Bandung Sukaburmi Purwakarta
Bandung 1 0.84 0.92
Sukaburm 0.84 1 0.84
Purwakarta 0.92 0.84 1

stationarity of data was checked using the ADF test, with the
results shown in Table IV.

The order of VARI model was determined using the ACF
and PACF plots in Figure 4. Based on the results, the lags
are truncated at 1, 2, 3, and 11. In this case, the parsimony
principle used produced order 1, resulting in the VARI(1,1).

TABLEIV
STATIONARITY
Location p-value
Before Exp. After Exp.
Differencing Dufferencing

Bandung 0.089 NS 0.01 S
Sukaburm 0.074 NS 0.01 S
Purwakarta 0.198 NS 0.01 S

4. Model Building
VARI(1,1) model estimation in this research used the
Ordmary Least Square (OLS) method. The results of

parameter estimation are shown in Table V and when
substituted in VARI Mode,

¥,y =—0.01401 , | —0.02387,, 1 +0.063175,
Fppy =—0.0586F, 1y —0.0075F;, |, ~0.0064;,

Fajy=—0.10377, , y +0.4952F,,, ;y —0.0026F; ,
w g B
O
2 2
& ° l W \
o | 1 1
-] ] 1T ]
L R L e e
T T T T
5 10 15 20
Lag
0 —
" .
O (o] .
< o
] T e ]
2 w5
c ° | [ o] | | L
-~ ' T '
e I E— I
5 10 15 20
Lag
w g n
O
2 4
® = T e r————
5 ° L W I
= || I ‘ [ ‘ | ‘
G T i s o e e 5 e S e e
T T T T
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Lag

Fig. 4. ACF and PACF of Bandung, Sukabumi and Purwakarta.
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where Y, =Z,-7Z,,....Y,, =Z, . —7Z, .. Therefore,

VARI model can be expressed in the following equation:

Zi1y =0986Z, 1y +0.0140Z,, ,y~0.0238Z;,, \ +
0.0238Z, , ) +0.0631Z(;, , ~0.0631Z(,,

Ziy) = —0.05867Zy, 1\ +0.05867;,_p\ +0.99257,, \ +
0.0075Z;, » ~0.0064Z5, ;) +0.0064Z;,,

Ziapy = —0.1037Z, 1y +0.1037Z,, , +0.49527,, ) +
049527, , ;) +0.997dZ;,, 1y +0.00267;, )

The Portmanteau test was carried out to determine the
autocorrelation of model residuals, while Jarque-Bera was
conducted to evaluate the normality. Based on Table VI,
significance level was o=0.05, p-value>« in all test

statistics. The results showed that data were normally
distributed and no autocorrelation in the residuals, thereby,
maodel could be considered feasible.

Granger causality check is used to check the causality
relationship between locations. Significance level of
e =0.05 showed that a causal relationship existed between
locations, as presented in Table VII, with p —value > o .

After fulfilling all assumptions, forecasting process was
carried out using VARI(1,1) model for chmatic phenomena
with ramfall parameters by applying n-sample and out-
sample data. The results presented n Figure 5 showed that
actual and forecasting data plots had approximately the same
pattern. Therefore, rainfall forecasting using VARI(1,1)
model was considered a good method. The MAPE value also
showed that the proportion of in-sample and out-sample data
were 18% and 17%, respectively.

Forecast

Forecast

,// 4
N\

Actual

2019-12-01
2020-01-01
2020-02-01
2020-12-01
2021-01-01
2021-02-01
2021-12-01
2022:01-01
2022:02-01
2022-12-01

TABLE VI
DIAGNOSTIC CHECKING
Test Statistics ~ Accuracy  p-value
Portmanteu 66.8740 0.0931
Jarque-Bera 8.5750 0.0634
Kustosis 3.7420 0.0726
Skewness 6.9540 0.1450

5. Communicate Result

The results of calculated MAPE value for both in-sample
and out-sample data was < 20%. Therefore, forecasting
rainfall in West Java Province using VARI(1,1) model was
included in the accurate category.

TABLE VIL
GRANGER CAUSALITY
Location p-value
Bandung 0.063
Sukabumi 0.065
Purwakarta  0.087

6. Operationalize

In practice, forecasting climate phenomena using the
VAR model can be used as an early warming for local
governments to minimize the impact of climate change.

IV. CONCLUSIONS

In conclusion, this research successfully investigated
VARI model built with the assumption that data was not
stationary. Model followed the Box-Jenkins procedure with
identification using ACF and PACEF, parameter estimation

Actual

18 —— Forecast

Actual

Forecast

Rainfall in Sukabumi

2019-12-01
2020-01-01
2020-02-01
2020-12-01
2021-01-01

021-02-01
2021-12-01
2022-01-01
2022-02-01
2022-12:01

Rainfall in Purwakarta

Actual

Forecast

2020-01-01
2020-02-01
2020-12-01 4

2019-12-01

2021-01-01

021-02-01
2021-12-01
2022-01-01
2022-02-01
2022-12-01
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applied to the OLS method, and diagnostic checking up to
forecasting. VARI model was found to be a combination of
the same order, which used order 1 in both AR and
differencing process. Climate phenomena categorized as big
data were processed using data analytics hfecycle method,
which consisted of six phases, namely discovery, data
preparation, model planning, model building, communicate
results, and operationalize. The results showed MAPE value
of less than 20%, indicating an accurate forecast.
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